This article aims to analyze the technical performance of football teams in the FA Premier League during the 2015/2016 season. Data of twenty clubs over 38 matches for each club are considered using 23 variables. These variables have been explored in the football literature and address different features of technical performance. The different configuration of the data for teams in detached segments motivated the multi-criteria approach, which enables identification of strong and weak sectors in each segment. The uncertainty as to the outcome of football matches and the imprecision of the measures indicated the use of Composition of Probabilistic Preferences (CPP) to model the problem. "R" software was used in the modeling and computation. The CPP global scores obtained were more consistent with the final classification than those of other methods. CPP scores revealed different performances of particular groups of variables indicating aspects to be improved and explored.
INTRODUCTION
Performance in football has been described as a construct with interaction between individual and collective levels (Bradley et al., 2011). Results of football matches, for example, provide objective measures of both player and team performance. Interactions within the team due to cooperation based on a strategic plan, situational variables and constraints provided by the general context of the game can be considered (Besters, van Ours & van Tuijl, 2016 ).
The analysis of actions performed in a match context produces quantitative data that may become relevant information to support coaches' decisions (Carling, Williams & Reilly, 2005) . Technical elements of player performance in football are measured by notational systems, designed to register and store information on players' actions, in order to identify patterns of play and critical elements of performance. For football analysis, these systems provide statistics related to players' actions (passing, shots on goal, fouls, etc.) that may provide varied information about the success of the teams (Woods, Raynor, Bruce, McDonald & Robertson, 2016 ).
The related literature shows contradictions between the performance of players in the execution of expected actions and the successful and unsuccessful results of the teams. This happens, for instance, with the strategy of direct play, which is described as few passes per team possession and identified by attacks involving at least one long pass, attacks with a maximum of two passes, and fast-moving attacks. Possibly, the long pass abilities and skill of players influence the effectiveness of direct play strategy (Fernandez-Navarro, Fradua, Zubillaga & Ford, 2016).
Other studies suggest that counter-attacks are more effective than planned attacks when playing against an unbalanced defense (Tenga, Holme, Ronglan & Bahr, 2010). Furthermore, LagoBallesteros & Lago-Peñas (2010) reported that successful teams usually touch the ball more often. In this way, ball possession has also been reported as a variable decisively affecting the performance of football teams.
Most of these studies used manual notation and computer systems to process the data. In the same way, football coaches use notational analysis to evaluate their team and opponent teams' players. A notation system enables an assessment of the relative merits of team and player performance, becoming the first step towards performance analysis (Eaves, 2015) .
However, these studies access a huge amount of raw data, which is quite difficult to analyze in order to determine which teams had the best performance. In addition, uncertain outcomes and imprecise data are common in the football environment. A statistical approach, allowing for the use of estimation and simulation techniques would provide results whose uncertainty could be measured. That would certainly be strongly welcome. Nevertheless, by now, the lack of reliable models for this field makes unfeasible such a statistical approach. Instead we take here a multicriteria decision analysis (MCDA) approach.
To take into account uncertainty we apply Composition of Probabilistic Preferences (CPP), a technique that uses probabilistic reasoning to combine preferences according to separate criteria. To do that, the evaluations by the separated criteria are modeled as random variables. The application of CPP is compared to the application of two methods based on the use of fuzzy numbers instead of crisp numbers for the values and weights of the criteria in well known exact MCDA methods: Fuzzy MULTIMOORA Method and Fuzzy VIKOR Method.
In CPP, triangular distributions for the initial preference assessments are employed, while triangular fuzzy number (TFN) are used in the fuzzy methods. In spite of the conceptual differences, a comparison of the results could be done. After applying the three methods to the same matches statistics of an FA Premier League, Kendal and Spearman correlation coefficients were used to analyze the efficiency of each method with respect to the study's objectives.
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These objectives are to discuss the relevance of the imprecise factors evaluated to predict the ranking of the teams at the end of the competition. CPP is used to obtain an analysis of the teams' performances in the competition, especially taking into account the decisions that may be taken to improve the performance of each team. First, it is shown how a suitable point of view in the probabilistic composition better fits the final ranking of FA Premier League season 2015/2016.
CPP is first applied on the whole set of 23 variables considered in the study taken together and, after that, on three groups of technical performance variables separately. In this last analysis, the teams are evaluated from the perspectives of goal attempts, offensive moves and defensive actions, three phases which occur in the development of a football match and are important for the knowledge and development of each team. In this way, finding out in which of the phases of the game the team has the best or the worst performance can change the way the coaches may improve their training section.
This study is organized as follows. In the next section, the methods employed including CPP, fuzzy numbers, fuzzy MULTIMOORA, fuzzy VIKOR and correlation analysis, are introduced Section 3 presents the data. The results obtained are discussed in Section 4. Finally, a section of conclusions is presented.
TECHNIQUES AND METHODS
In this section a brief review of the techniques employed is presented.
Composition of Probabilistic Preferences
CPP is a multi-criteria (MC) decision support method introduced by Sant'Anna & Sant'Anna (2001) that was recently expanded to different applications in decision support by Sant'Anna (2015). In general, MC methods intend to help decision-makers dealing with several possibilities in a choice set. The MC problems usually lead to a compromise between conflicting criteria, such as quality and cost, for instance. In particular, CPP has been applied to MC analysis in sport sciences (Sant'Anna & Soares de Mello, 2012).
CPP adopts a probabilistic approach to MC decision problems. The majority of MC methods apply deterministic or fuzzy evaluations of alternatives under different criteria (Mardani, Jusoh, Zavadskas, . On the other hand, CPP explores the uncertainty that is inevitably present in preference evaluations in real problems. This uncertainty may result from processes involving expert reviews, inaccurate performance measures or processes with imperfect metric systems, among others. Adopting a probabilistic framework, the evaluation of each alternative takes the form of a probability function and the final ranking is derived from probabilities of being the best alternative (Garcia & Sant'Anna, 2015).
CPP is developed in three stages. The first refers to the 'randomization' of the evaluations. Randomization means the transformation of exact values into random variables. In Figure 1 , for instance, the performance of alternative 'A' under criterion '1' is represented by an exact value '10'. The randomization procedure changes this measurement into a probability distribution. In this case, a normal disturbance was assumed as a general behavior for evaluating alternative 'A', and the value '10' as a mode of this probability distribution. In summary, the value is taken as a single measure of location in a probability distribution that reflects the uncertainty and imprecision of the model (Sant'Anna, 2015). The randomization may derive from a priori information obtained in similar contexts. For example, failure rates in reliability problems are generally adjusted by Exponential, Weibull or Birnbaum-Saunders distributions (Chiodo & Lauria, 2015) . For a data set of preferences, the probability function can be obtained from goodness-of-fit tests for density estimation (DelignetteMuller & Dutang, 2014). Disturbances can also be described by non-parametric or empirical distributions, in the case of abundant data (Millard, 2013).
In the second stage, the joint probabilities M i j and m i j are computed. M i j and m i j denote, respectively, the probability of the i-th alternative being the best and the worst alternative according to the j -th criterion. In other words, 'M' refers to maximizing and 'm' to minimizing the preferences. Equations (1) and (2) describe the mathematical development to compute M i j and m i j .
In equations (1) and (2), F X indicates the cumulative distribution function (cdf), f X the probability density function (pdf) and D X i the support of the i-th alternative. The notation '-i' indicates all alternatives under the same j -th criterion, except the i-th alternative, which is the considered alternative to compute M i j and m i j (Sant'Anna, Costa, Nepomuceno & Pereira, 2016).
In the third stage, the joint probabilities 'M i j ' and 'm i j ' are composed according to different points of view of the decision maker, as described in Figure 2 and Table 1 . Two axes are identified: The Progressive (P) -Conservative (C) and the Optimist (O) -Pessimist (P). These axes create four possible combinations to tailor the decision-making: PP, PO, CO and CP. 
The global scores are computed using the equations in Table 1 . The global score ranking gives the final preference for each alternative. The equations reflect all decision-maker points of view, under the hypothesis of independence between all the criteria. If a correlation can be quantified, it can be introduced into the combinations. However, quantifying correlation among criteria is not an easy task, because it requires the detection of reciprocal influence between errors in the measurement of variables. For more details on the different assumptions regarding correlation between criteria, the reader is referred to Sant'Anna (2015, Section 5.2).
The progressive-conservative axis uses 'M i j ' or 'm i j ' as parameters to compose the decisionmaker points of view, as depicted in Figure 2 . The Progressive approach involves the concept of 'maximizing gains', plotting the decision at the frontier of excellence. For a positive-impact criterion, a progressive decision requires the use of 'M i j ' to combine criteria and for a negativeimpact criterion, the use of 'm i j ' is needed.
On the other hand, the conservative approach reflects the idea of 'avoiding losses' in which the decision maker aims to differentiate alternatives near the border of worst performance. By analogy with the progressive point of view, for a positive-impact criterion to the research problem, a conservative approach requires the use of 'm i j ' to combine criteria and for a negative-impact criterion, the use of 'M i j ' is expected.
The optimist-pessimist axis refers to the combination of 'M i j ' and 'm i j ' as strict preferences for all criteria or satisfying at least one of the multiple criteria (Sant'Anna, 2015).
Triangular Fuzzy Number
Fuzzy sets theory was developed by Zadeh (1965) . The fuzzy logic has been applied to combine evaluations given by fuzzy sets in different fields of knowledge ( The TFN membership function F A(x) has the following form, in Equations (3):
Mathematical operations on a genericM TFN are defined from Equation (4) to (12) (Opricovic, 2011):
Operator
The Fuzzy Multimoora Method
The multi-objective optimization by ratio analysis (MOORA) method was introduced by Brauers & Zavadskas (2006) on the basis of previous research. Later, the method was extended into a more robust design, by adding a full multiplicative form to MOORA (Brauers & Zavadskas, 2010). The MULTIMOORA method is described in Figure 4 , with indications of its four Equations (Baležentis & Baležentis, 2014). The Multimoora method is summarized by Equations (13)- (16) .
Application of the MOORA method begins with a decision matrix, X , where x i j denotes the evaluation of the i-th alternative with respect to the j -th objective (i = 1, 2, . . . , m and j = 1, 2, . . . , n). The first step is divided in two parts: the ratio system and the reference point approach. Equation (13) describes the ratio system, which is basically a data normalization. In Equation (14) , the x i j values are added (if desirable value of indicator is maximum) or subtracted (if desirable value is minimum), to yield a summarizing index y i . The reference point approach produces a final rank derived from the deviations from the reference point, applying the min-max metric of Tchebycheff, as depicted in Equation (15) Following the general practice to extend deterministic MCDA methods into the fuzzy environment, the Fuzzy MULTIMOORA method, introduced by Brauers, Baležentis & Baležentis (2011), is built replacing the initial crisp evaluations by fuzzy numbers and the numeric operations by fuzzy logic operations. A detailed description of all adaptations from the crisp approach to the Fuzzy MULTIMOORA can also be addressed at Baležentis & Baležentis (2014).
Fuzzy Vikor Method
The VlseKriterijuska Optimizacija I Komoromisno Resenje (VIKOR) method has been developed as an MCDM method to solve a discrete multicriteria problem with non-commensurable and conflicting criteria (Opricovic, 1998 (Opricovic, , 2011 . (17) to (24) .
Step 1 describes the basic phase of every MCDM method, regarding the formation of a decision matrix. The alternatives are denoted by
where m is the number of alternatives. The weight of the j -th criterion, expressing the relative importance of the criteria, is denoted w j , where j = 1, 2, . . . , n, for n representing the number of criteria. The rating (performance score) by the j -th criterion is denoted by f i j for alternative A i . In Step 2, the best f * i and the worst f − j values of all criteria are computed according as the i-th is a benefit criterion (positive impact to the final solution) -in Equation (17), or a cost criterion (negative impact to the final solution) -in Equation (18) .
In
Step 3, the values of a utility measure S j and a regret measure R j are obtained, using the relations depicted in Equations (19) and (20), respectively. The minimum S i emphasizes the maximum group utility, whereas R i emphasizes the minimum value among the maximum individual regrets
Step 4, Q j indices are evaluated, using the relation in Equations (21) and (22) . The values of S * may also use the best option S * = 0 and S− the worst value S− = 1. For R * and R−, the best R * = 0 or the worst R− = 1 can also been chosen. The parameter v(0 ≤ v ≤ 1) is introduced as a weight for the strategy of maximum group utility, whereas (1 − v) is the weight of the individual regret. In other words, the increase of v emphasizes group utility (i.e. v > 0.5), whereas v ≈ 0.5 reflects consensus and v < 0.5 a veto. A way to compute v is by the formulae (n + 1)/2.n, as proposed by Opricovic (2011). This latter approach was used in the present study leading to a value of v of 0.522)
Step 5, the R, S and Q approaches are combined using the two conditions in Equation (23) and the definition (24),
where A 1 and A 2 denote the best and the second best alternatives according to the Q indices Condition 2: A 1 is also the best in at least one of the R and the S rankings.
Condition 1 refers to an acceptable advantage and Condition 2 reflects an acceptable stability in the decision making process, where A 1 is also the best in at least one of the R and the S rankings. Alternative A 1 is chosen if Conditions 1 and 2 are satisfied. If one of these two conditions is not satisfied, then a set of compromise solutions is proposed: (1) Alternatives A 1 and A 2 , if only Condition 2 is not satisfied; (2) All the alternatives A for which
VIKOR and the Technique of Order Preference by Similarity to the Ideal Solution (TOPSIS) use a similar approach to a MCDM problem. These methods are based on an aggregating function representing 'closeness to the ideal', which originated in the compromise programming method. The VIKOR method of compromise ranking is based on the idea of maximizing a 'group utility' that reflect the majority choice and a minimum of an individual regret for the 'opponent'. The TOPSIS method determines a solution with the shortest distance to the ideal solution and the greatest distance from the negative-ideal solution, but it does not consider the relative importance of these distances (Opricovic & Tzeng, 2004) . Considering the similarity and differences of both methods, the VIKOR method was prioritized in this study.
Kendall and Spearman Nonparametric Correlation Indices
Kendall and Spearman indices are used to access the correlation between two variables calculated in a set of N alternatives. The Kendall coefficient was developed by (Kendall, 1938 ). This coefficient is identified with the Greek letter τ (tau). In Equation (25), the notation N c represents the amount of pairs of alternatives evaluated for which the ordinal positions are concordant, while N d indicates the number of discordant pairs. A pair of alternatives is count as concordant whenever the differences between their ordinal positions by the two variables have the same sign and is count as discordant if these differences have different signs. The denominator of equation (25) indicates the amount of possible pairs of alternatives.
The Spearman coefficient is defined in Equation (26), and is represented by the Greek letter ρ (rho). In fact, the Spearman coefficient formula is similar to Pearson's. The difference comes from the use of ranks R X and R Y , instead of X and Y original values. The Spearman coefficient is obtained from the division between the covariance of R X and R Y and the product of their standard deviations (Spearman, 1904) .
The Kendall and Spearman coefficients are among the most commonly used ordinal correlation techniques in statistics (Gibbons & Chakraborti, 2011; Hauke & Kossowski, 2011). These nonparametric methods perform the calculations from the ranks obtained after ordering by the two variables. The correlation results vary in the range [1, −1], in which "−1" depicts the highest negative correlation and "1" the maximum positive correlation. The null value indicates no correlation between the ranks. In Tables 5, 7 and 9 in the next section, the ranks corresponding from the scores obtained by different multicriteria methods are employed to evaluate Kendall and spearman correlation coefficients with the PL ranking.
Similar results would be obtained by employing the nonparametric tests based on these statistics as in Leoneti (2016).
Data Collection
The data used in the study were from all 38 rounds of the FA Premier League season 2015/2016. Official Premier League performance data are collected and analyzed by Opta (optasports.com), part of Perform Content, a division of Perform Group (performgroup.com).
The live data are collected by a three-person team covering each match. Two highly trained analysts use a video-based collection system to collect information about what happens every time a player touches the ball. All the data collected are then subjected to an exhaustive postmatch check to ensure accuracy. After that, the data are available on the FA Premier League web site (premierleague.com/tables). To perform the proposed analysis, the actions of the players during each match were organized by team.
In the Premier League website, a total of 30 variables divided into an attack, defense, discipline and team play can be found. Specifically, 23 discrete technical performance variables were selected for extraction, based on their reporting in previous literature and the perception of their importance by the authors. The variables collected by Opta that are not used in previous studies and are considered in the present study are Big Chances Created, Hit Woodwork, Clean Sheets are Headed Clearance, which have positive impacts and Errors Leading to Goal and Own Goals, with negative impacts. Table 2 presents a description of the variables employed in the analyses and a source in the literature asserting their importance. For the six variables introduced due to the perception of the authors, a link to the Premier League data is presented.
The 23 variables in Table 2 were grouped in three sets, as described in Table 3 
Data Analysis
CPP was applied in two types of analyses. First, the global performance was determined considering all 23 variables together as independent criteria. The Fuzzy MMOORA and the Fuzzy VIKOR, as described in the Section 2, were applied to the same data set to compare performances. A correlation with the official rank of Premier League, season 2015-2016, was a proxy measure to check the adequacy of these methods to the context, as detailed also in Section 2.
The second analysis consisted of using CPP with three dimensions of variables and combining the results thus obtained. The groups of variables (GV) are described in Table 3 . Each team received a specific score for each GV. Finally, their GV scores were inputs for another round of composition by CPP. This last stage created a new global ranking. Appendices I to V list the joint probabilities M i j and m i j and the final scores, according to points of view described in the Table 1 .
Triangular distributions were used in CPP and TFN in the fuzzy MCDA methods, as depicted in Section 2.2. The triangular distribution is a fair approximation to support decision-making in cases where the lowest, highest, and most likely values are available to describe the behavior of a random variable TFN, on the other side, are the most natural way to fuzzify exact measurements.
Both fuzzy methods were modeled in R language and the computations employed the R package "FuzzyMCDM". Adapted by the authors. 
RESULTS AND DISCUSSION
The rankings derived from probabilistic scores are presented in Table 4 for FA Premier League 2015/2016 season. The scores were initially calculated based on the 23 variables taken together and then for the groups of variables.
These global scores represent the probabilities of having the largest value in all variables, corresponding to the pessimistic progressive point of view. The decision maker in the pessimistic progressive (PP) point of view pays attention to maximizing the probabilities of preference according to all the criteria examined. The progressive decision maker pays greater attention to small differences between the best values; in sports, this reflects the idea that the teams are oriented to seek the victory in the game. The conservative decision maker is associated with the idea of avoiding losses, which in football is important for the teams avoiding relegation.
The data base was also submitted to the Fuzzy MULTIMOORA and Fuzzy VIKOR methods. The results are also described in Table 4 . The correlation between the Premier League Official ranking of the 2015-2016 season and the three MCDM methods is presented in Table 5 .
The present study discusses the perspective of multiple criteria addressing the technical performance of FA Premier League teams. It was expected that the present study would improve the understanding of teams' performance depicted by final 2015/2016 FA Premiere League standings. In Table 5 , these standings are compared to rankings derived from the numerical variables assessing the specific performances in the matches. Created by the authors. Created by the authors.
The top four teams, qualifying for the Champions League, are the same teams in the same order, whether ranking by points conquered or by CPP. The other methods bring small differences. Fuzzy MMOORA presents a small change in rank and Fuzzy Vikor includes Everton in the fourth position in its ranking.
In regard to relegation, the probabilistic approach is also reliable in reflecting the reality of clubs. The numbers of Newcastle United, Norwich City and Aston Villa were the worst, as reflected in the final league table (relegated to Football League Championship) and when analyzed by the CPP method. The other methods were not able to arrive at such a close adequacy in relation to PL Official Rank.
For the teams in the intermediate group, a comparison is more difficult because these teams form a more homogeneous group, so that small differences in the variables affect the ranks. There is a difference of only 1 point between the teams placed from fifth to tenth and between the 11th and 17th the maximum difference was of only three points. A global comparison may be done using Kendall and Spearman correlation coefficients.
The correlation indices between the Premier League Official and the CPP ranking are higher and reveal the adequacy of this method to the context. It is important to remark that one method cannot here be considered better than another because, despite the graphical resemblance, CPP and Fuzzy MCDA methods embody different concepts. The interpretation of CPP may be easier because uncertainty is directly modeled by CPP. One possible reason for the higher correlation found for the CPP results may be that the use of a density function takes into account in the computations the probabilities of all values while the computation based on TFN takes into account effectively only the central and extreme values. In fact, the CPP algorithm considers all values distributed by a probabilistic law. On the other hand, the fuzzy logic algorithm simplifies computation by prioritizing minimum or maximum values of a fuzzy number, thus excluding information considered in the probabilistic method. In what might seem paradoxical for methods applied to uncertain contexts, precision may have made a difference.
Thus, by the probabilistic method of CPP, a multiple criteria vision is obtained which takes into account variables expected to partially determine match results. This demonstrates that the 23 variables collected by the FA Premier League website are suitable to distinguish winning teams from losing teams.
In a second analysis, CPP was employed to analyze the teams' performances by the three GV described in Table 3 . For each group, a PP point of view is represented in Table 6 and a CP point of view is represented in Table 8 . A global score is obtained in both tables by combining the GV results by a PO point of view. This approach was proposed by Sant'Anna (2015, p. [40] [41] and assumes that a good performance in at least one group of variables may be enough to determine a good global performance. A pessimistic composition of the three GV scores would lead to the same global scores of the PP combination of the 23 variables as a unique group.
To obtain information on which kind of variables are more important, Table 6 presents the correlation between each variable group and the 2015/2016 Premier League Final Rank. Table 6 shows that the group of variables GV1 presents the best correlation with the final standings. This correlation is even higher than that obtained with the 23 variables as shown in Table 6 . This leads to the idea that, in a football match, the most important is to make goals, no matter how much score opportunities can be built or disarmed. What matters is the number of effective actions that contribute to directly score a goal.
In Table 6 , the observer may analyze the probability of each team being better than its opponents in all the criteria of each group separately. Here, three of the four clubs that guaranteed access to dispute the Champions League in 2016/2017 appear as the top 3 of the rank. Created by the authors.
It is interesting to notice that Tottenham Hotspur occupies the ninth position in this rank, which demonstrates the instability of the team throughout its campaign this season. It appears in ninth position in the offensive phase and in the fifth position in the defensive phase, which results in a lower rank in this analysis than those presented in Appendices III and IV. Its superior performance with respect to the variables in the goals scored group, presented in Appendix II -where it can be seen that Tottenham Hotspur occupies a second position with 1.82 goals per matchkept the team disputing the championship until the final rounds, but was not enough to grant it a better final rank under this point of view.
Other teams that call for analysis are Everton, which appears in the PP rank in the fourth position, Southampton, appearing in fifth position and the relegated Aston Villa, in the sixth position. All these three teams presented an interesting offensive organization, with passing accuracy of 78% to 81% and more than 400 passes per match.
Everton showed a median campaign this season, with 11 wins, 14 draws and 13 losses, demonstrated through its PP rank in ninth position in GV1, fourth position in GV2 and eighth position in GV3. In a closer look at the variables the difference of 0.10 between goals scored per match and goals conceded per match will call attention. The balance between making and conceding goals may be a problem to be more deeply investigated by the managers of this club.
In another case, the problems that Southampton presented in its defensive line are registered by its PP rank in thirteenth position. The team is among the top 5 teams in the PP rank for both the offensive phase and construction of goals. With 18 victories, 9 draws and 11 defeats, Southampton ended the competition in sixth place, 3 points behind the fourth team.
Aston Villa is an extreme case. It had its major problems in defense with an impressive number of 2 goals conceded per match. Its construction of goals was obtained with only 0.71 goals per match, ending the competition with a goal difference of minus 49.
The irregularity of Chelsea's season may also be highlighted here, though its performance in Table 5 with respect to each group of variables is similar. A deeper analysis may reveal a large variability within the variables within the groups, primarily in the defensive phase. The numbers are very close to or worse than those of the relegated teams this season. This poor performance caused the team to change its coach and players during the season in such a way to improve its median campaign.
When the decision maker aims to differentiate alternatives near to worst performance by the idea of avoiding losses and, possibly, relegation, the CP point of view is the more adequate. In this case, none of the correlations presented in Table 8 shows a better performance than that obtained by CPP with the 23 variables. What shows that none of the groups of variables within a conservative view has a strong effect to the 2015/2016 Premier League Final Rank.
In Table 8 , attention should be focused on those teams that wanted to avoid relegation. When we combine the conservative pessimistic GV scores, Newcastle United is not found among the possible candidates for relegation. Newcastle United, even with good construction in the offensive phase and being in a ninth position in this group of variables, was not successful in goal conversions, with just 1.16 goals per game and 1.71 goals conceded per match. Fundamentally, in football, goals are required. Of the last 24 available points, Newcastle United only managed to conquer 2 points, which determined the destiny of the team at the end of the season.
West Bromwich Albion was not relegated from the FA Premier League, but, when the variable groups GV1, GV2 and GV3 are analyzed, it appears in the nineteenth position in the CP Rank. This specially demonstrates the fragility of the team during the competition in building their offensive phase, totaling only 10 wins and a goal difference of −14 at the end of competition. This team also demonstrated inefficiency in its defense, with 1.26 goals conceded per match, which exceeds its mark of 0.89 goals scored per match. When analyzed from the CP point of view, West Bromwich Albion could not be better in the variables of GV1 and GV2 groups than other teams presented in Appendices II and III. Thus, even presenting an average performance in GV3, presented in Appendix IV, it appears between the teams that would have been relegated. Thus, its board should be attentive to improving these numbers next season, primarily in their offensive construction and goal conversion.
Combining analyses performed from a CP point of view through an optimistic perspective, the analysis depicted in Table 8 shows the reality of clubs who wish to stay in the elite of English Football, where they want to be better in each of the groups of variables presented. However, long term experience seems to indicate that teams fighting to avoid relegation should care about overall excellence and not only seeking to be better in one group of variables. Created by the authors.
CONCLUSION
The purpose of this study was to explore football match related statistics in the Premier In addition, CPP analyses based on goals scored, attack phase and defensive phase from different points of view were performed. By this way, the effects of technical performance of the teams at each moment of a football match may be better understood. Thus, information is gathered to help in-depth understanding each phase of the game for different decision maker's points of view.
Evidence was found that the variables in the group GV1, related to the final offensive steps of the team, presents a better correlation with the premier League final rank. This means that the best strategy would be to prioritize being able to transpose the defense to score goals against the opponent.
Several other issues can be raised. For instance: Are the teams that make more goals always the best? Better offensive performance always results in scoring more? How much the defensive performance improves the chances of winning the matches?
As a practical application, our findings suggest that technical match analyses are an important factor in the evaluation of team performance for the following season. Being able to observe the failures in each phase by the team may drive correction of methods of training or even acquisition of players for an improvement of performance.
Future investigations should attempt to apply CPP during the championship and not only at the end of the season. Useful information might also be gathered by looking at player individual rankings. In that case, CPP should be applied not only to technical performance variables but also to physical performance variables. Furthermore, it would also be interesting to apply CPP to different leagues, to determine if different aspects may be more important in different contexts.
Appendix I -CPP 2nd stage results.
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